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Abstract

We present MUG, a novel interactive task
for multimodal grounding where a user and
an agent work collaboratively on an interface
screen. Prior works modeled multimodal Ul
grounding in one round: the user gives a com-
mand and the agent responds to the command.
Yet, in a realistic scenario, a user command
can be ambiguous when the target action is in-
herently difficult to articulate in natural lan-
guage. MUG allows multiple rounds of in-
teractions such that upon seeing the agent re-
sponses, the user can give further commands
for the agent to refine or even correct its ac-
tions. Such interaction is critical for improv-
ing grounding performances in real-world use
cases. To investigate the problem, we create a
new dataset that consists of 77, 820 sequences
of human user-agent interaction on mobile
interfaces in which 20% involves multiple
rounds of interactions. To establish bench-
mark, we experiment with a range of model-
ing variants and evaluation strategies, includ-
ing both offline and online evaluation—the on-
line strategy consists of both human evaluation
and automatic with simulators. Our experi-
ments show that iterative interaction signifi-
cantly improves the absolute task completion
by 18% over the entire test set and 31% over
the challenging split. Our results lay the foun-
dation for further investigation of the problem.

1 Introduction

Natural language understanding on graphical
user interfaces (GUIs) is crucial for realizing
human-computer interaction and assisting scenar-
ios that have accessibility difficulties (Sarsen-
bayeva, 2018). Specifically, interpreting user com-
mands into executable actions has drawn increas-
ing interests as it manifests rich research problems
including multimodal modeling and natural lan-
guage grounding (e.g., Li et al., 2017; Gur et al.,
2019; He et al., 2020; Li et al., 2020a, 2021). Prior
works often consider Ul grounding in a single-
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pass fashion where the model predicts actions with
a given instruction without looking backward to
refine prediction. However, in a realistic scenario,
user instructions can be ambiguous or imprecise
when the target action is difficult or inconvenient
to articulate. Reasoning in such cases is inherently
iterative. Therefore, it is important and benefi-
cial to incorporate interaction for resilient ground-
ing (Suhr et al., 2019; Chandu et al., 2021).

In this paper, we investigate interactive ground-
ing on GUIs, which aligns multimodal input to ac-
tionable objects of a screen. We focus on single-
screen interaction which is the building block of
Ul reasoning. Specifically, we introduce the MUG
(Multi-turn UI Grounding) task in which the user
iteratively guides the agent to select a desired Ul
object (see Fig. 1). With a given Ul and a tar-
get object, the user instructs the agent via natural
language, ranging from casual intent to more de-
scriptive commands. The agent infers which UI
object is intended by the user and and highlights
it. If the agent is correct, the user can confirm the
selection and the grounding is completed. Other-
wise, the user issues further guidance, e.g., "Click
the one below", to the agent to refine its selection.
We collecte the MUG dataset from live interac-
tion sessions between pairs of human annotators—
one acts as the user and the other as the agent.
Our dataset has 77, 820 examples, each records the
transaction history in a session. Specially, 20%
of the dataset are challenging ones as their human
commands need multiple rounds to ground, even
for human agents.

To establish the benchmark, we experiment
with a range of variants to model the dynamics
between the two roles. While the main goal of
the task is to develop agent models for ground-
ing, we also develop the user models for on-
line instruction simulation. We build our mod-
els upon a Transformer-based encoder-decoder ar-
chitecture (Li et al., 2021), and experiment with
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Figure 1: Two illustrations of MUG with two turns in each. Interactions happen on the same screen. User commands are
shown above the screens. The target object is bounded in []. Agent choices are marked with

various learning methods, including traditional se-
quence modeling and reinforcement learning. To
fully examine the model performances, we evalu-
ate the agent model with a spectrum of evaluation
strategies, including both offline and online evalu-
ations. For the online evaluation, we employ both
automatic and human evaluations, which include
interactions between the agent and the user (ei-
ther a human or the user model) and offer a com-
prehensive probe into model understanding. Our
experiments show that incorporating interaction
substantially improves Ul grounding task comple-
tion by 18% on the entire dataset and 31% on
the challenging set, both in absolute scales. Fur-
thermore, our robustness measurements suggest
MUG, while being a seemingly easy single-screen
task, is actually difficult since neural agents some-
times struggle to correct themselves, resulting in
repeated wrong selections across multiple turns.
This suggests large rooms for future improvement
in grounding agents.
In summary, our key contributions! are:

1. We introduce MUG, a novel interactive
vision-language task that focuses on multi-
turn language grounding on a graphical UI
screen, which is a challenging task to im-
prove language grounding in realistic Uls.

2. We create a rich dataset that includes 77,820
examples recorded from live sessions be-
tween pairs of human users and agents. And
20% of the data are challenging for both hu-
man annotators and neural agents.

"The dataset and code for reproducing our experiments
are at https://github.com/to-be-de-anonymized.

3. We experiment with a range of model vari-
ants and evaluation strategies, showing that
iterative interaction significantly improves
grounding accuracy by 18% and 31% on the
entire and challenging test sets respectively,
with automatic assistance from our user mod-
els. Our work lays a foundation for future in-
vestigations on collaborative grounding.

2 Background

Multi-modal modeling has a long history of
research (e.g., Winograd, 1972; Barnard and
Forsyth, 2001; Lavrenko et al., 2003; Plummer
et al., 2015; Yu et al., 2016). One important area
focuses on grounding objects in images where the
natural language is used as an additional input
(Chen et al., 2017; Yu et al., 2016, 2018; Fukui
et al., 2016; Deng et al., 2021).

Interactive  Multimodal Grounding Prior
works have formulated grounding as a multi-step
reasoning task, e.g., navigation via multiple steps
of grounding (e.g., Ku et al., 2020; Gur et al.,
2019). Our work differs by focusing on agent’s
ability to self-correct in synchronized turns of
interaction on a Ul screen. It is also conceptually
linked to repeated reference game (Hawkins
et al.,, 2020), except we use a different form
of communication (language-action) instead of
dialogue (language-language). Our task leverages
iteratively refined instructions on atomic action
instead of the increased instruction utility over
multi-step actions (Effenberger et al., 2021).
We model both the user and the agent, and let
them communicate online. This is different from
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single-sided modelings (Suhr et al., 2019; Kojima
et al.,, 2021). Our observation that interaction
improves grounding is also in line with dialogue-
based works (e.g., Haber et al., 2019; Takmaz
et al., 2020).

UI Grounding Grounding Ul objects involves
automatic completion of actions on web or mo-
bile interfaces (e.g. Pasupat et al., 2018; Li et al.,
2020a; He et al., 2020). It is also an important
accessibility task for users who are situationally
impaired when they are occupied by real-world
tasks at hand (Sarsenbayeva, 2018). Compared
to grounding on natural images, these tasks usu-
ally take well-specified user commands and aim to
select the object that best matches the command.
The UI image is often encoded via ResNet (He
etal., 2016) or ViT (Dosovitskiy et al., 2020). The
structure and text features of Ul are often encoded
by Transformer model (Vaswani et al., 2017). Fus-
ing multimodal information is widely handled by
cross-attention (e.g. He et al., 2020; Li et al., 2021;
Bai et al., 2021). We adopt these neural compo-
nents in our benchmark.

Mobile UI Datasets Many grounding tasks,
while covering multiple screens, remain one-pass
reasoning, such as PIXELHELP (Li et al., 2020a)
and MOTIF (Burns et al., 2022). Prior works (e.g.,
Todi et al., 2021) used reinforcement learning
(RL) in design space. In contrast, MUG focuses
on correcting a single action on one screen. Tab. 1
summarizes key differences among other Mobile
UI datasets. Importantly, MUG is a challenging
task as it enables corrective interaction in synchro-
nized turn between user and agent.

Data | Screen | Instr | Natural | Corrective
Rico multi X X X
PIXELHELP | multi v v/ X
MOTIF multi v v X
RicOSCA single v X X
REFEXP single | v v X
MUG (Ours) | single | v | v | v

Table 1: Comparison to prior mobile UI Datasets, including
Rico (Deka et al., 2017), RicOSCA (Li et al., 2020a), and
REFEXP (Bai et al., 2021).

Our dataset further differentiate from later
works (e.g. Deng et al., 2023). While tasks are for-
mulated as multi-step navigation in both, we focus
more on corrective interactions for a single action.

3 Task Formulations

As a grounding task, MUG involves two partici-
pants: a user and an agent. Our formulation in-
cludes both roles to provide a holistic view of in-
teractive grounding. The user’s goal is to instruct,
via natural language, the agent to select the de-
sired object g on the Ul screen S. The unique as-
pect of MUG is that it allows the user to guide the
agent iteratively to identify the target action by is-
suing a series of commands, each in response to
the agent’s prior inference.

We separate such user-agent interaction into
turns. At turn ¢, the interaction consists of:

{ct : user command,

az : agent action.

where the user first instructs the agent with com-
mand ¢, and the agent responds with a suggestion
of action a;. Here a, is essentially the index of
object. The task is completed when a; = g.

3.1 Agent Task

In MUG, the action space for the agent consists of
a set of UI objects to click on the interface, e.g., in
Fig 1. Intuitively, we would want the agent to take
the desired action g as early as possible. Thus, at
turn ¢, the agent models

P@(CLHS, C[O,t]va[O,tfl]) ey

where 6 denotes the agent parameters. This itera-
tive grounding early stops once a; = g or t reaches
a maximum number of turns allowed.

3.2 User Task

The user’s role is to provide guidance to the agent
through iteratively refined instructions. In contrast
to one-pass prediction tasks (e.g. Pasupat et al.,
2018; He et al., 2020) where the agent makes
a one-shot guess, a MUG user issues follow-up
commands that are dependent of prior instructions
C[o,¢—1] and agent actions ajg ;_ 1), which is formal-
ized as the following:

Py(ctlS, 9, co,0-1), ajo,0-1)) (2

where ¢ denotes the user. Here, the user model is
aware of the target object g.

Interplay between User and Agent The agent
task (Eq. 1) is the pivot of MUG. The user task
(Eq. 2) aims to guide agent towards task comple-
tion, which potentially includes online training. In
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our benchmark, we let the user and agent play to-
gether. Although automatic evaluation is not as
realistic as human evaluation, it offers a fast, low-
cost, and reproducible environment. This setting
also allows us to study various questions surround-
ing the interplay between the two, e.g., whether an
automatic user can assist an agent? and whether
agent errors would confuse the user?

4 Dataset Creation

As there is no available dataset for model train-
ing and evaluation, we developed an interactive
labeling interface to collect data for MUG. Our
data collection involves two human annotaters to
play the roles of the user and the agent respec-
tively in a live session. The user and the agent
have two separate views, running on different ma-
chines (Appx. A). Both views share the same Ul
screen and a message box showing instruction his-
tory. Our task embodies the eyes-on, hands-free
situation for mobile interaction where the user is
required to only use language for the task, and the
machine responds its prediction by highlighting.
The user can commit the action if the prediction
is confirmed. In a session, only the user can see
the target; and the message box is read-only to the
agent so no language-base dialogue would happen.

4.1 Annotation Workflow

We use the Ul corpus, mobile UI screenshots
and view hierarchies, from RicO (Deka et al.,
2017) and auxiliary object features from the CLAY
dataset (Li et al., 2022). Each session starts with
a randomly sampled UI object (e.g., a button),
from the visible view hierarchy, as the target ob-
ject g. User annotators are encouraged to artic-
ulate their initial command (cg) casually or goal-
oriented. We consider such design to cover the re-
alistic scenarios discussed in Sec. 1, and free users
from composing long and precise instructions.

In the agent view, all clickable objects on the
UI screen are revealed with their bounding boxes
highlighted, which show what objects the agent
can select, without indicating which one is the tar-
get g. The current agent selection is reflected on
both the user and the agent’s view. The session
continues to the user’s turn if the agent selection
does not match g. In follow-up turns, the user is
not allowed to repeat a command issued in previ-
ous turns, and likewise the agent is not allowed to
select an previously chosen object. Upon the agent

selection matching the target in the user view, the
task is completed. Each session allows up to 5
turns and we filter out those unfinished. We refer
to Appx. C for labeling details.

4.2 Data Analysis

We collected 77,820 examples based on 31,265
unique screens from 7,132 apps (see details in Ta-
ble 2). We split the dataset into the training, devel-
opment, and test sets. We use app-wise split (Li
et al., 2020b) to avoid potential leaking across sets.
As shown in Table 2, the splits have a similar dis-
tribution of number of turns per example. Simple
statistics on vocabulary distribution is in Appx. D.

Human performance establishes a high upper
bound. While users tend to provide short and
sometimes vague instructions (~4 words), ~80%
of the tasks are solved in one turn by human
agents. A critical question we aim to answer is that
can agent models approach this bar?. In Sec. 6,
we will show that agent models are far behind hu-
man performances, especially for examples that
requires more turns for human agents (i.e., the rest
~20%). We will call this 20% as the Challenging
subset. Detailed examples are in Appx. H.

Multi-turn interaction is long-tailed. While
the 20% multi-turn ratio seems a low percentage
but it can lead to large impact in practice. Real-
world navigation problems often span over mul-
tiple screens with individual instruction on each
screen. If we assume the 20% multi-turn ratio on
each screen, the probability for multi-turn interac-
tion to happen in a navigation task can be signifi-
cantly larger, e.g., 67% with 5 screens.

In Appx B, we categorize 200 Challenging ex-
amples from the development split. We found
follow-up commands are mainly for spatial adjust-
ments or asking for extra information.

5 Grounding Models

We aim to have a general architecture for the Ul
domain and explore its variants to model multi-
turn interaction. Our agent model is based on
a transformer encoder-decoder network, inspired
by (Li et al., 2021). Specifically, we extend the ar-
chitecture to handle interaction history as input in
the decoder.

5.1 Multimodal Encoder for Ul

Our encoder processes the interface S. Each S
consists of two modalities of information, i.e., a
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Statistics of examples

| Distribution of Turns (%)

Split | Apps | Screens | Interactions | Avg. #Turns | Avg. #Token/Turn | 1 | 2 | 3 | 4 | 5
Train | 6,039 26,090 65,235 1.24 4.26 7891 | 18.31 | 2.37 | 0.35 | 0.06
Dev 544 2,625 6,377 1.23 4.18 79.99 | 17.77 | 191 | 0.27 | 0.06
Test 549 2,550 6,208 1.23 4.18 80.20 | 16.82 | 2.55 | 0.40 | 0.03
Al [ 7132 | 31265 |  77.820 | 124 425 | 79.10 | 18.15 | 235 | 0.35 | 0.06

Table 2: Dataset statistics. Interaction is encouraged in multiple and short communication. Human performance establishes a
practical upper bound ~ 80% in solving the task in 1 turn. Agent models aim to approach this bar.

screenshot Ig and view hierarchy features ¢ (Deka
et al., 2017; Li et al., 2022). The concrete list of
1 is in Appx. E. The output is an encoding v* for
each object indexed by k, similar to (e.g., Li et al.,
2020a; He et al., 2020; Li et al., 2020b):

dg = ResNet(Is) (3)
V= Tenc({ROIk(®5)|¢k}) “4)

For the image, we use a pre-trained ResNet-50 (He
et al., 2016) which is fine-tuned with other mod-
ules. The resulted ®g (grid size of h X w) is then
mapped to object level by region-of-interest (ROI)
pooling (Ren et al., 2015). The multimodal fea-
tures for each object are fused by a transformer
encoder T¢p.. The final v stands for a sequence of
objects which are interaction-agnostic.

5.2 Grounding Decoder

We use a causal transformer 7g.. to predict click
action from interaction history. We extend the
architecture of (Li et al., 2021) to incorporate
multi-turn interaction as input (instead of single
grounding statement). Specifically, we concate-
nate cjg4) and ajy;_1), and combine it with imita-
tion/reinforcement learning losses (instead of di-
rect supervision loss). The output of Ty is a vec-
tor z; that summarizes prior interaction up to c¢;:

2t = Tdec(’U’COaUaOaCl:'-'7’Uat_1yct) (5)

where a; denotes object index, either from model
prediction or human selection. The specific input
to Eq. 5 will be subject to modeling variants in
Sec 6.1. For classification, we use a linear layer f
to score the k-th object:

a; = argmax F([ze|0")) (6)

6 Experiments

The goal of our experiments is to explore train-
ing and evaluation methods for MUG and estab-
lish a benchmark. For a naive baseline, one could

simply match the instruction tokens to the object
texts on the screen. However, this turns out to
be insufficient due to the often incomplete ele-
ment attributes”. In Sec. 6.1, we explore multi-
ple modeling variants for the agent. In Sec. 6.2,
we present a simple and effective heuristics-based
user model and a neural version for automatic
evaluation. Lastly, we show extensive F1 results
in Sec. 6.4 and 6.5, robustness in 6.6, ablations
in 6.7 and 6.8. We refer readers to appendices
for hyperparameters (Appx. F), sample predictions
(Appx. I), error analysis (Appx. G).

Separation of User and Agent Modeling We
train user model and agent model separately to
avoid test leakage when using user models in au-
tomatic benchmark. Such setup limits our agent
choices to offline ones. Future work can explore
online agent (e.g., DAGGER (Ross et al., 2011))
with separate treatment on user models during
training and inference.

To avoid confusion, we thereafter use ag to re-
fer to the selection predicted by the agent model
at turn ¢, while a; to the human agent’s selection.
Similarly, we refer ¢} to instruction generated by
user model while c; to the one by human user.

6.1 Agent Models

Our agent models use the T, and Tye. (in Sec. 5)
as a backbone, denoted as . Recall that T, pro-
cesses S while Ty, processes interaction. Here,
we discuss different handlings of Tje..

Single or Multi-turn Model The first factor we
investigate is how allowing multiple turns helps
grounding. For each example, we can feed the en-
tire interaction history as input to the agent model
and supervise agent selection on the last turn 7"

P(ar = g|S, ¢jo.11, ajo,7-1); 0) (N

%For instance, the validation split has 46% objects missing
text, and a deterministic classifier using METEOR (Banerjee
and Lavie, 2005) has only 21% F1.
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We can further reduce the input to be (5, ¢o) only,
making a single-turn model. To evaluate single-
turn model with multi-turn examples, we simply
concatenate all ¢; into one instruction.

Instruction-only Model To understand how it
helps grounding by taking into account of previ-
ous actions of the agent in the multi-turn model
(Eq. 7), we introduce the command-only baseline,
which ignores agent actions (selections) in the in-
teraction history:

P(ar = 915, cjo.17; 0) 3)

Imitation Model Instead of supervising the
agent only at the last turn, we can model the en-
tire action sequence as an imitation model:

Ht P(a; = aiS, cp,ap4-1:0) (9

This variant investigates whether the supervision
of the intermediate actions helps.

Offline RL. Lastly, because each turn the agent
action affects how the user responds, MUG can be
formulated as a RL problem where the user and
the Ul constitute the environment. We use the De-
cision Transformer (Chen et al., 2021) for offline
RL. In addition to imitation learning, we use it to
promote early tasks completion by following the
standard configuration: inserting extra learnable
return tokens w; to the Ty, before each action, i.e.,
Taec (v, co, wo, v, ..., ¢t, wy). The model is:

Ht P(ay = ag|S, co, wio,g, aps—17;0)  (10)

The encoder-decoder construction remains same
as the above. Possible discrete return tokens are
{1,2,3,4} where 1 on the last turn. During test-
ing, we follow Chen et al. (2021) to force the cur-
rent turn to have return 1 and adjust prior returns.

6.2 User models

Here, we design a simple and effective heuristics-
based user model, and then develop a neural ver-
sion. To show automatic online evaluation is a
promising direction for MUG, we also conducted
human evaluation on a shared set of 500 examples
from the test split (Sec. 6.7).

Heuristics-based Model We observe that, when
the selection a’ is incorrect, we can determinis-
tically devise a follow-up instruction by using a
template as below:

Not the a}, click the ¢ to/on the dir.

This template is to be instantiated on view hier-
archy features (in Appx. E). Compared to human
follow-ups, heuristic ones are more specific and
longer, such as:

e Not the icon, click the action notifications on the top
right of the screen.
e Not the rext, click the input search to the slight right

and below of your choice.

Neural Instruction Model We extend the Multi
agent architecture to model follow-up commands:

P(c; = ¢S, 9, cpo,0-115 @o4—1); D) (11)
which uses Tyec (v, v9, ¢, v, ¢q, ..., v* 1) at turn
t. For training, we teacher-force at each turn
(t > 0). We found that using heuristics as prompt
greatly boosts development CIDEr (Vedantam

et al., 2015) to from 70 to 78. For inference, we
use greedy decoding with a maximum length 12.

6.3 Maetrics

We focus on evaluating the agent model as it is the
pivot task of MUG. Intuitively, we want the agent
to take the desired action g with less turns:

Flo=)_ Plar=glS,cpg.ap0,-1)  (12)
where, in practice, we compute F1, with early stop
over turns to avoid double counting. Clearly, an
agent with high F1 and a lower value of ¢ is better
than an agent that requires more turns for the same
accuracy. With ¢ limited to 0, the task is reduced
to a one-pass grounding task.

In an extreme case, we consider an agent with
high F1p but flat changes in Fl;~ g to be prob-
lematic, since it questions the agent’s understand-
ing about the interface. For more comprehensive
testing, we also use a simple robustness metric for
prediction changes across turns:

I'=P({ai}| #7) (13)
which is the percentage of examples that have du-
plicate actions within 7" valid turns. We expect a
robust agent model is able to understand previous
errors and failed attentions so as not to repeat the
same mistake. Furthermore, this metric is useful
as we observe that neural users can issue the same
instruction across turns. In this case, errors on the
user side is further complicated when agents re-
peat the same error.
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Challenging | All
Model ‘ Fl() ‘ Fll ‘ Flz ‘ F13 ‘ F14 ‘ avesid | Fl() ‘ Fll ‘ F12 ‘ F13 ‘ F14 ‘ avgsd
Single 26.8 | 44.7 | 45.6 | 45.7 | 45.7 | 46.11.3 | 56.9 | 60.5 | 60.7 | 60.7 | 60.7 | 60.30.5
Ins-only 2521 49.7 | 52.1 | 52.2 | 52.2 | 53.51.3 | 58.5 | 63.4 | 63.8 | 63.8 | 63.9 | 64.00.5
Multi 252 | 542|572 | 574 | 574 | 59915 | 58.6 | 64.3 | 64.9 | 64.9 | 64.9 | 65.10.>
Imitation 23.5 | 56.5 | 59.6 | 59.6 | 59.6 | 59.41.5 | 56.6 | 63.1 | 63.7 | 63.7 | 63.7 | 64.00.5
OfflineRL | 24.2 | 55.4 | 58.1 | 58.2 | 58.2 | 58.11.1 | 58.0 | 64.2 | 64.7 | 64.8 | 64.8 | 65.1¢5

Table 3: Offline agent F17 on the test set. Flo.4 are from model trained with seed 1 and avggq is Fls of 5 runs. Single/Multi:

single/multi-turn model.

Heuristics | Neural
| Model | Flo | FI, | Fl, | Fly | Fly | avgw | Flo | Fl, | Fl; | Fly | Fly | avgw
& Single 26.8 | 39.8 | 433 | 44.6 | 446 | 44.105 | 26.8 | 41.7 | 43.9 | 446 | 452 | 449,
‘b | Ins-only 252 | 47.4 | 51.7 | 529 | 53.5 | 52914 | 25.2 | 43.4 | 46.5 | 48.2 | 48.5 | 49.1¢p.7
§ Multi 252 | 478 | 509 | 51.7 | 52.4 | 543,11 | 25.2 | 43.9 | 474 | 489 | 49.4 | 50.01 1
E Imitation 235|398 | 433 | 46.8 | 48.1 | 55.20.4 | 23.5 | 44.1 | 514 | 55.5 | 57.6 | 57.71 5
O | Offline RL | 24.2 | 47.6 | 52.7 | 54.1 | 54.6 | 54.61> | 24.2 | 44.6 | 494 | 51.3 | 52.0 | 53.41 3
Single 569 | 65.2 | 67.4 | 68.1 | 68.1 | 68.70.5 | 569 | 65.0 | 66.5 | 67.0 | 67.4 | 67.1p.8
Ins-only 585|709 | 729 | 73.6 | 74.0 | 73.50.4 | 58.5 | 67.8 | 69.9 | 70.9 | 71.3 | 70.9¢.3
i Multi 58.6 | 71.7 | 729 | 733 | 73.6 | 74.20.5 | 58.6 | 67.9 | 69.8 | 70.6 | 70.8 | 71.10.6
Imitation 56.6 | 69.1 | 724 | 73.5 | 73.9 | 74.60.5 | 56.6 | 68.7 | 72.6 | 74.4 | 75.5 | 75405
Offline RL | 58.0 | 71.6 | 74.0 | 74.7 | 75.0 | 74.60.¢ | 58.0 | 684 | 71.2 | 72.2 | 72.7 | 73.30.5

Table 4: Online agent F11 on the test set. Flo4 are from model trained with seed 1 and avgeq is Flg of 5 runs. Single/Multi:

single/multi-turn model.

6.4 Offline Results

Tab. 3 presents offline results on the test set, over
the Challenging (see Sec. 4) and the All sets. Dur-
ing inference, we use instructions from the human
user and actions from the human agent for turns in
between and ask an agent model to predict at each
turn. Doing so requires agent models to correct
human agent actions, instead of the model’s own.
Clearly, the models that take into account interac-
tion history outperform those use none or partially.
While the Ins-only and the Imitation models per-
form closely on the All set, they bear larger mar-
gins on the Challenging and online tests.

6.5 Online Results

Tab. 4 presents online test scores. In general, mod-
els that are supervised by action sequences (i.e.,
Imitation and Offline RL) perform better. Both
heuristics-based and neural user models are able
to guide agents towards task completion. Compar-
ing Single’s Fly and Imitation’s Fl4, we see that
properly using interaction boosts task completion
by 18 and 31 on the Challenging and All test sets.

The average Fl4°s show that heuristics-based
user works better, except that the Imitation collab-
orates better with the neural user. This might be
attributed to the neural user is trained to mimic hu-
man command patterns which can be ambiguous
and short, while heuristics are more precise while

being artificial. This also implies that a large room
for further improvement to the user modeling.
Overall, we can see interactive grounding is a
challenging task, even on a single screen. The
agent modeling involves robust multimodal under-
standing to self-correct. The user modeling re-
quires controlled language generation, which is
still an open problem. The best task completion
rate on the Challenging subset is only ~ 55%, sug-
gesting a large room for future improvements.

6.6 Agent Robustness

We take a deeper look at agent behavior in Tab. 8.
We observe that agents with higher F1 tend to be
more robust (lower I'). The best agent model (Im-
itation) repeats the same mistake for only 16.8%
on the All test set. However, if we ignore those ex-
amples finished in 1 turn i.e., 7' > 1 columns, the
repeating rate rises to ~ 40%. The Heuristics user,
while generally improves agent F1 more than the
Neural user, has a mixed robustness impact on the
Imitation and Offfine RL agents. On weaker agents
(the first 3 rows), the Heuristics user leads to more
salient robustness. These observations suggest im-
proving agent F1 has a more direct and positive
impact on robustness.

6.7 Automatic v.s. Human Evaluation

To show automatic online test is a promising sur-
rogate for human-in-the-loop evaluation, we com-
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| Challenging | All | Challenging (T>1) | All (T>1)

| Heuristics | Neural | Heuristics | Neural | Heuristics | Neural | Heuristics | Neural
Sil’lgle 44.40,9 44.91,1 25,80,4 26.90,3 60‘30,9 61.01,3 59.10,9 61.70,5
Ins—only 37914 40.51.0 21.20.4 23.40.3 51413 55.00.8 51.205 56.40.9
Multi 38313 41310 21.30.3 23.80.5 51.518 55.61.4 51308 57910
Imitation 31.0, - 28.31.4 17.60 3 16.8¢ 5 40.7, 7 37.2: 5 40.70.5 38.9,
Ofﬂine RL 36.41,1 35.5()‘8 ]9.90,4 20.50,3 48.61,0 47.41(0 48.00,7 49.50,3

Table 5: AgentT" | on the test split. Results are from 5 random runs. Smaller I" means more robust. Single/Multi: single/multi-

turn model.

pare Single with Multi® with a group of human
annotators (acting as the user) (Tab. 6). We ask
the user annotators to follow the same annotation
interface and guideline in Sec. 4, and let them to
use the trained agent model to ground their com-
mands. That is, human plays the user role and a
trained agent model plays the agent role. This set-
ting maximally mimics a realistic situation where
a human user guides the agent to locate a tar-
get solely using language commands. The results
(Tab. 6) are generally consistent with those from
the automatic evaluation (Tab. 4). We should also
note that such human study is not meant to reflect
every minor differences in automatic evaluations.

Model\ Flo ‘ Fll ‘ Flz ‘ F13 ‘ F14 ‘ Fl
50.0 ‘ 56.4 ‘ 58.2 ‘ 58.4 ‘ 59.4 ‘ 42.6

Single

Multi | 49.6 | 58.4 | 60.4 | 62.2 | 62.6 | 39.4

Table 6: Human-in-the-loop evaluation on 500 examples
from the All test set. Models are trained with seed 1.

6.8 Ablation on Heuristics

To show agent improves from follow-up instruc-
tions effectively, instead of overfitting potential ar-
tifacts in the dataset, we report our ablation studies
in Tab. 9. Specifically, we focus on the heuristics-
based user since it offers well-controlled instruc-
tion generation. We can see that random heuris-
tics underperform by ~14% and repeating the ini-
tial instruction is even worse. The I' scores also
suggest that randomly instantiated instructions are
less effective in guiding the agent.

7 Analysis

Tab. 8 shows how model predictions are affected
by corrective instructions generated by heuristics
or the neural instruction model. On the challeng-
ing subset, there are about half of examples where

3We choose these two models as a pilot study since they
perform consistently different in all our metrics.

Multi ‘ Flg ‘ F1, ‘ Fl, ‘ Fl; ‘ Fl4 ‘ avgsd ‘ N i
Heuristics | 25.2 | 47.8 | 50.9 | 51.7 | 52.4 - 40.0
Random 252 1327 | 343 | 347 | 35.1 | 35.60.9 | 51.61.5
Repeatco | 25.2 | 29.3 | 309 | 31.6 | 32.0 - -

Table 7: Ablation of instructions using heuristics-based user
model for the Multi agent (trained with seed 1) on the Chal-
lenging test set. Random: randomly instantiated heuristics
for ¢y~ across 5 seeds.

our agent models make repeatedly the same in-
correct selection, irrespective of the corrective in-
struction. Even considering the entire test set,
there are still > 26% such cases. We broadly at-
tribute this observation to the difficulty of the task
as well as the challenge in multimodal modeling.

| Challenging | All

| Heuristics | Neural | Heuristics | Neural
Single 57.8 56.6 334 34.0
Ins-only 48.4 53.3 27.0 30.4
Multi 49.5 52.9 274 30.6
Imitation 57.8 453 26.6 26.2
RL 47.3 50.8 26.0 29.0

Table 8: Percentage of example have duplicated predictions
across turns. Lower values indicates less robustness.

Multi ‘ Fl(] ‘ Fl[ ‘ Flz ‘ F13 ‘ Fl4 ‘ %Dupi
Heuristics | 25.2 | 47.8 | 50.9 | 51.7 | 52.4 49.5
Random 252 | 340 | 374 | 38.2 | 38.6 62.7
Reuse Ist | 252 | 29.3 | 30.9 | 31.6 | 32.0 70.2

Table 9: Heuristics v.s. immediate alternatives on the Chal-
lenging split using the Multi model. Random: instruction
templates instantiated with random target object on the in-
terface. Reuse Ist: reusing the first instruction across turns.

Tab. 9 compares our heuristics-based online
evaluation against immediate alternatives. The
large and consistent performance gaps suggest our
agent models follow the hints in corrective instruc-
tions instead of random-guessing. For brevity, we
used the Multi model to demonstrate. Other multi-
turn models performed in a similar pattern (e.g.,
15~20% better F14 with Heuristics).
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In Appx. I, we demonstrate predictions from the
Imitation model with successfully solved exam-
ples as well as failed ones.

8 Conclusions

In this paper, we presented MUG, a novel and
challenging task for multimodal grounding on UL
MUG requires a grounding agent being able to cor-
rect its own prediction, and allows a user to guide
the agent via natural language instructions. For
the task, we contribute a new dataset, investigate
modeling options for the agent, and propose evalu-
ation strategies along with two user models for au-
tomatic online testing. We found that interaction
greatly improves grounding accuracy in the UI do-
main. Our experiments and analyses also suggest
large room for grounding performances, even on a
seemingly easy single screen task, which calls for
future investigation. Our work also contributes to
the general effort of multimodal language under-
standing and its robustness by enabling synchro-
nized multi-turn interactivity.

Limitations

English-only Dataset While non-English exam-
ples exists, we acknowledge that MUG mostly
consists of English UL Other languages do exist in
the dataset, but consists of a small portion. Specifi-
cally, our instructions are English-only. Future ex-
tensions to our work should address or alleviate
this issue.

Platform-specific Interfaces Our interfaces,
since coming from RICO, only consist of Android
screens. In practice, it is also difficult to obtain
non-Android interfaces. We acknowledge this is
an application limitation. And the bias from the
top and bottom banner of Android could make
trained model brittle in other domains.

Going beyond Single Screen We aim to estab-
lish the task and report baseline performances for
future work. The interaction in MUG happens
within the same user interface. A natural extension
would be extending the task to span over sequence
of interfaces. Indeed, the task would become more
challenging, and potentially require large offline
training data and reliable online simulation.

Better User Model The current best neural in-
struction generation we use has a CIDEr 78.0 on
the validation set. We acknowledge there is space

for further improvement. Note that our neural in-
structions are trained on multi-turn examples in
MUG, which amounts to ~20% of the training
data. It suggests external resources could be useful
for improving user model performances.

Interaction Dynamics between User and Agent
It would be helpful to study how/why the agent
sometime repeatedly makes incorrect actions in
Tab. 8, such as whether repeated mistakes are due
to the lack of language utility/diversity in user in-
struction or the lack of understanding in the agent.

Online Learning for Agent As a starting point,
we explored modeling variants that are immediate
to the multi-turn interaction problem on UI. Since
agent model is the pivot, future work should exper-
iment agent models in an online setting where au-
tomatic interaction traces can be used to augment
human annotations (e.g., DAGGER (Ross et al.,
2011)). This, however, requires carefully separat-
ing the use of user model during training and au-
tomatic evaluation.

Focus on Correcting Single Action In this pa-
per, we exclusively focused on the corrective in-
teraction between user and agent models centered
on a single action on a screen. Such focus, in the
future, could be extended to fit the multi-screen
navigation test case of generalist agents.
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A Labeling Interface

Fig. 2 presents the user and agent views in our data
collection interface. In the user view, the user can
send commands in the message box, to instruct
the agent to select the target object as highlighted
by a red bounding box on the UI screen. On the
agent’s view, the agent annotator can respond the
user request by performing object selection on the
Ul screen, which has all the clickble objects high-
lighted. But there is no indication of the target
object so the agent annotator has to guess from the
user instruction. The agent is not allowed to text
back to the user. The agent’s current selection is
reflected on the Ul screen so the user understands
how to further instruct the agent. The annotation
task is designed based on the eyes-on hands-free
situation of mobile interaction.

B Manual Analysis on the Challenging
Subset

In Tab. 10, we categorize 200 Challenging exam-
ples from the development split. We found follow-
up commands are mainly for spatial adjustments
or asking for extra information.
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Percentage | Attribution

Example
p

50% | Adjusting relative position in the layout.
31% | Providing more information of the target.
10% | Adjusting direction/position on the screen.

3% | Rephrasing the instruction.

the value before the text.

show me channels. — click tv icon.
not reward but collect at the bottom.
go to books. — show me books logo.

Table 10: Major categories for the second turn from 200 examples in the development split.

C Details of the Labeling Task

The labelers of the task were native English speak-
ers and had experience using mobile phones. They
were trained with a few pilot tasks to get familiar
with the task, during which we also improved the
labeling interface and the guidelines based on la-
belers’ feedback. The dataset was completed by
30 labelers in 10 batches. The labeling quality was
monitored by sampling examples from each batch
for manual examination.

D Vocabulary Diversity

The word-level vocabulary in the training set con-
sists of 13,794 unique words. Fig. 3 shows the
distribution of the 50 most frequent words in the
training split with certain non-content words (e.g.,
is, of, comma) filtered out.

E View Hierarchy Features

Tab. 11 lists the complete view hierarchy features
we used. We unify each feature into a real-valued
vector. These view hierarchy features are first rep-
resented with trainable embeddings, and then en-
coded by the transformer model (Sec. 6.1). For
text attributes (e.g., text), we max-pool their non-
contextualized token embeddings, which are ran-
domly initialized and trained. For discrete-valued
attributes (e.g., fype), we use a trainable vector
for each possible value. The ordering of objects
in transformer input follows the pre-order traver-
sal in the view hierarchy (which is a tree struc-
ture). We then combine the vision representa-
tions of individual Ul objects via ROI pooling over
ResNet featuremap of the encoded screenshot im-
age, and view hierarchy encoding to form a mul-
timodal representation of each UI object for the
downstream computation of the model.

We consider these view hierarchy features to be
auxiliary. There is often a huge gap between what
command the user would issue based on what they
see on the UI, and what the underlying information
is for the UI. As we discussed in Sec. 6, about 46%
of UI objects do not have a text label, and the user

would need to come up with their own language
description about the object, which is why the text
matching baseline fails. Even when there are text
descriptions, they are not necessarily what the user
would articulate since a user command can be ab-
stract. Fundamentally, the internal representation
of the UI is often inaccessible or uninterpretable
to the user, thus calling for the help of multimodal
modeling and interaction modeling.

Feature | Example

bounding box | [xmin, Xmax, ymin, ymax]
leaf true/false

type button/checkbox/...
clickable true/false

text email address/passcode
resource id login_icon

dom [pre/post-order index]

Table 11: Features ) used for visual structure.

F Hyperparameters & Training

For all our agent models, we use the same config-
urations, which are grid-searched based on mod-
els’ offline validation performances. Our hyperpa-
rameters are chosen from the best offline develop-
ment F1 scores. For the number of self-attention
modules, we grid-searched in {1,2,4,6}, which
resulted in 2 hidden layers for the user interface
Transformer encoder and 6 hidden layers for the
grounding decoder. Each self-attention module
uses 8-head self and encoder-decoder attention
with a 256 hidden size. The dropout rate for atten-
tion and MLP layers is 0.1, which is grid-searched
in {0.1,0.2,0.5}. For learning rate, we grid-
searched from {le-3,3e-4,1le-4,3e-5,1e-5},
and use 3e—4 with linear warmup with cosine an-
nealing for the first 10k steps. All the models are
trained to 100k steps with a batch size of 128 on a
32-core Google Cloud TPUv3. Models are evalu-
ated every 1k steps and the version with the best
development offline Fl4 is saved. The training
time for our agent model is around 8 hours.

Our neural user model has the same grid-
searched configuration as the agent, i.e., 2 encoder
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layers, 6 decoder layers, 0.1 for dropout, and the
same warmup scheduling. The best learning rate
is 1le—4. Different from the agent model, we found
the neural user model’s development CIDEr score
quickly drops after 6k steps, possibly due to over-
fitting and data sparsity, thus its training early-
stops there.

G Error Analysis

We manually analyze errors from the best agent
(Imitation). In Tab. 12, we inspect 30 failed de-
velopment examples (i.e., unfinished after 5 turns)
that are subject to the Neural user. Due to the role
interplay, we also count problematic commands.
We observe that the user model sometimes is-
sues repetitive or uninformative instructions start-
ing from the 3rd turn, leading the agent to the same
wrong selection. This might be caused by the data
sparsity for examples with > 3 turns.

| Agent | User

Incapabilities | text | icon | UI layout | pos/dir | wrong ¢; | stale c;

#Example | 6 | 7 | 9 | 7 | 15 | 27

Table 12: Major error categories of the Imitation model on
30 failed development examples (150 turns). stale c;: repeti-
tive/uninformative instruction. Model is trained with random
seed 1.

H Examples in the MUG Dataset

We present some examples from the MUG dataset
in Fig. 4 and 5. Each example contains instruc-
tions and selections from human user and agent
annotators.

I Prediction Examples

Here, we demonstrate predictions from the Imi-
tation model. Fig. 6 demonstrates successfully
solved examples following the instructions gener-
ated by the Heuristic user model, while failed ones
are in Fig. 7. Similarly, Fig. 8 demonstrates solved
ones following the instructions generated by the
Neural user model, and failed ones are in Fig. 9.
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You are a USER in this task.
Your role is to give instructions to the other participant so that they can select the widget on the screen that's highlighted to you in green.

AQPocAROAX®OAA 29 0945

A sample instruction for the agent
< Settings to click the checkbox.

Shake To Skip O

Only active when music is playing

Slide Right To Return

Enable Vibration

Enable Vibration when the level of volume, equalizer,
bass boot or virtualizer was changed

Display Spectrum
Displays visual spectrum on music player

Enable Lock Screen

Invert LockScreen Color
Use black instead of white text

Display Album At Lockscreen
Display the album as the background of the O
lockscreen

Type instructions to selecting the highlighted widget
m ATNpRESIIINE ST e e >

(a) The user sees the target object (boxed in red) and the agent selection in the previous round (boxed

in yellow). The user can issue commands in the message box.

You are an AGENT in this task.
Your role is to select the correct widget on the screen based on the instructions given to you by the other participant.

AQcRAXOAXOEA 3290 {945

A sample instruction for the agent

< Settings to click the checkbox.

O]

nly active when music is pla

:':I

élide Riaht To Retura

@]

Enable Vibratio
Enable Vibration when the level of volume, equalizer,
ass boot or virtualizer was changed.

@]

Enable Lock Screea

nvert LockScreen Colol

[O] |[w]] [w]

Use black instead of white tex

DisElaz Album At Lockscreea

isplay the album as the background of the
lockscreen

ﬁ R ———

O]

(b) The agent sees the user commands, and all the available candidates (clickable objects) on the

screen, which are all boxed in red, and the current selection boxed in yellow.

Figure 2: MUG annotation interfaces consist of a user view and an agent view.
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Figure 3: Distribution of top 50 words in MUG training split.
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give code

select activation code

AHOAONESO@ 0 X309 0s55|@AOANONEHO 0 XZ3T P Dass

{ ACTIVATE YOUR ACCOUNT

We've sent an activation email to your registered email
address. Follow the instructions in the email to activate your

« ACTIVATE YOUR ACCOUNT

We've sent an activation email to your registered email

account. Haven' received your
Junk Mailfolder.

Haven't received your activation code? Click Resend
Activation Code and we will esend it to you.

SUBMIT

addvess Follow the instructions in the email to activate your
Check your

Junk Mal\ folder.

Haven' received your activation code? Click Resend

Activation Code and we will esend it to you.

SUBMIT

< o o | < o o |

sort out the tems second one secondlist
ts0oxa6ean 39 n2n|lsoozeeen 39 0203|1800 Xa6ea 3 ® 023
& OurGroceries: Settings & OurGroceries: Settings & OurGroceries: Settings

About OurGroceries
Tum Off Ads
List sharing

Categories
Sortlist oflists

Shopping lis

Sort shopping list temd
Cross-off action

Adding item

i want to know the news about pfizer

About OurGroceries
Turn Off Ads
List sharing

Categories

Sortlist of lists

Shopping list

Sort shopping st items.

ort crossed-off fte

Cross-off action

noaes ® . psujlloBes W 0434

Health
ESSIEET 5UUKg Egyptian woman

An Egyptian woman, said to weigh 500kg,is to be ailfted to
India for weight reduction surgery.

p Australian court approves
PR intersex childs surgery

A five-year-old child born genetically male will grow up as a
sterilised female after a court ruling.

BT 'Exercnse boosts men's sperm

E=i5a count
gl o et s oudh v oo
1, scientists have found.

N 11 o | Pfizer fined record £84.2m for
overcharging NHS

Drugs giant Pfizer has been fined a record £84.2m by the
reguiator for overcharging the NHS.

Caesarean births ‘affe
human evolution'

The regular use of Caesarean sections is having an impact on
human evolution, say scientists.

E" B pubic hair grooming 'STi risk
linked to skin tears’

Peoplewhoregulrly tim o remove l thei pubc hal are at

Health
ESEIEET '5UUKg Egyptian woman

An Egyptian woman, said to weigh 500kg,is o be ailfted to
India for weight reduction surgery.

Australian court approves
PR%"% intersex child's surgery
Afive-year-old child bom genatically male will grow up as a
sterilised femal after a court rling.

BT 'Exercnse boosts men's sperm
., count'

Dang hal an hour of exercise thre times a week may boost
perm count, scientists have found.

¢k | Pfizer fined record £84.2m for
overcharging NHS
Drugs iant Pize has ben fned  record £84.2m by the
eulator fo overcharging the NHS.

Caesarean births ‘affecting
; human evolution’

The regular use of Caesarean sections is having an impact on
human evolution, say scientists.

E Pubic hair grooming 'STI
linked to skin tears'

Peogle who regurly rim fremove all tei pubic hal are at

| 2=

change notification o all notification
AHORNZO0A®EAA 3900535

Notifications. save

Notifications fotfications " TONIE

as soon as they occur

Important

ch ew
——

Figure 4: MUG examples 1-4. Instructions are at top of each turn. Agent selection is in

change important notification

AOROORZ0AOEA 39

Notifications save

Notifications

You can choose th

About OurGroceries

Turn Off Ads

List sharing

Categories

Sortlist of lists

Shopping lists

Sort shopping list items

Sort crossed-off items

Cross-off action

Adding tems

select only the image
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enter country name
Za e

0o
STEP2 - CHOOSE YOUR NUMBER

O Toll Free Number

© Local Number

Select a number by area code:

or select a number by location

select country
NHOXZA®
STEP2 - CHOOSE YOUR NUMBER

O Toll Free Number

© Local Number
Select a number by area code:

Area Code

or select a number by location

=

Voices, give us  calla 1889559779

Voices, give us  call at 8839659779

- o o | - o o

select road image select fourth image

08101 2ot
ém Antarktik je pred pucanjem: Pukotina

| uledu e sve e i
oB001kutTURA
osvaja
oraaimeo
Njujork: Zapalio se avion tokom
poletanja FOTO
aran e
AMSS: Oprez na nadvoznacima i
mostovima zbog vetra
oraaiineo
dvojica muskaraca

071810

spas stotina kitova FOTO

L« N

07001 G

find the location
an¥pon¥doweo

Welcome to Low:

Get the best prices by finding the
Lowe's store nearest you.

© Use My Current Location

XS

Settings
Log my own calls in calls history

Log calls from my family members in
calls history

Notify me every time my family

Tijana Bugaréié: Cudo od deteta koje
svet

Udes na autoputu, lak3e povredena

Drama na Novom Zelandu: Trka za

search through pin code

INFO  SPORT

Bz
081012

Antarktik je pred pucanjem: Pukotina

B ledu se sve brze Siri

osoolKuaTURA
Tijana Bugaréié: Cudo od deteta koje
osvaja svet

oo
Njujork: Zapalio se avion tokom
poletanja FOTO

sy
AMSS: Oprez na nadvoznacima i
mostovima zbog vetra

o200
Udes na autoputu, lak3e povredena
dvojica muskaraca

o
Drama na Novom Zelandu: Trka za
spas stotina kitova FOTO

07001

Welcome to Low:

Get the best prices by finding the
Lowe’s store nearest you.

© Use My Current Location

in sms history
GO E S C

)
Settings
Log my own calls in calls history

Log calls from my family members in L)
calls history

Notify me every time my family
be or make phone calls

members receive or ol

Text messages (SMS)

Text messages (SMS)

SUPERZENA B!

click on the text of that
MO

Settings
Log my own calls in calls history

Log calls from my family members in
calls history

Notify me every time my family
members receive or make phone calls

Text messages (SMS)

Log my own SMS in SMS history » Log my own SMS in SMS history » Log my own SMS in SMS history »
"0g SMS from my family members in fs) Eng "SMS from my family members in 'j ‘0g SMS from my family members in l
MS history MS history MS history

Notify me everytime my family members (@) Notify me everytime my family members (@) Notify me everytime my family members (@)

receive or send text messages
Location settings
Device location options

Map Type
Map

Panic button
Panic Button actions setup

< (e} m}

Figure 5: MUG examples 5-8. Instructions are at top of each turn. Agent selection is in [ | and target is in [].

receive or send text messages
Location settings
Device location options

Map Type
Map

Panic button
Panic Button actions setup

< o o

receive or send text messages
Location settings
Device location options

Map Type
Map

Panic button

Panic Button actions setup

247




enable boldtalic

anpse¥nn¥dow
< Font & Color

FrankiinGothics
FranklinGothic-Mediumitalic
Georgia
Georgia-Italic
GillSansMT-Boldtalic
GillSansMT
MyriadWebPro-ltalic

07 30

o

take me to advertise

oxn  C Rad

- o @

Pres en s s

b Atm Locator

Experian - Free Credit Report

Hongama

= All your credit accounts, usage, alerts, all in
one place. Get the Experian app for free.

select stations

GQOANOAROERNON 90013

zfuner

Log in =Ty
A Home
7] | ST —

check the security

= HEARST
L

Report Tips

Emergency Options

Safety Map

Security Escort

< Font & Color

FranklinGothicBook

FranklinGothic-Mediumitalic

Georgia-Italic
GillSansMT-Boldkalic
GillSansMT

MyriadWebPro-talic

07 30

click the bg to the slight right and below of your choice.

+ @

o €

b Atm Locator

Find neare

ot the text,click the icon on the left of the screen.
Q@NANOAAOENEN ¥0013

zZfuner
Log in -

9 tasks for equalizer

click the image to the further right of your choice.

HEARST
L

f)

Report Tips

click the check box to the further below of your choice.

anPia¥Dn¥Dow v

Experian - Free Credit Report
" All your credit accounts, usage, alerts, all in
one place. Get the Experian app for free.

Emergency Options

Safety Map

Security Escort

click the check box 1o the slight above of your choice.

dAaWDMnNWRow Wi
€ Font & Color

FranklinGothicBook

FranklinGothic-Mediumitalic

Georgia-Italic
GillSansMT-Boldkalic
GillSansMT

MyriadWebPro-ltalic

07 30

ot the icon, click the image to te slightleft and below of your choice.

= HEARST

L]

9
Report Tips Emergency Options
Safety Map Security Escort

Figure 6: Completed examples by the Imitation agent following the instructions generated by the Heuristic user.
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show me company electricity board

ot the icon, click the text on the right of the screen.

click the text o the slight below of your choice.

click the text on the right of the screen

not the icon, click the text on the right of the screen.

snHoXae ® 0301 |sAROXES P 0301 |sROXES® ® 030 |sAROXES P 0301 |sROXES® ¥ ¢ 0301
< Select Your Electricity Board < Select Your Electricity Board < Select Your Electricity Board < Select Your Electricity Board < Select Your Electricity Board
N Ajmer Vidyut Vitran Nigam Ltd. PN Ajmer Vidyut Vitran Nigam Ltd dyut Vitran Nigam Ltc Ajmer Vidyt itran Nigam mer Vidyut Vitran N
@D @ it . it
Bses Rajdhani - Delhi Bses Delt BsEs  BSES Rajdhani - Delhi BsES  BSES Rajc elt Bses  BS De
mex=  BSES Vamuna-Delh — S — e = s
Bangalore Electricity Supply $% | Bangalore Electricit Banga ly Y tric pp 3
oy Lit (BES 0N B3| Coromy i (oot o B ¢ T GeeroM s
dn| Bhagalpur Electricity Distribution & Bhagalpur Electricity Distribut e | Bhagalpur Electricity Distributio o \galpur Electricity D r pur Electricity Distribut
Company (BEDCP! Company (BEDCPL) ompany (BEDCPL Company (BE ) >
) cesond ) cesoL ] cewo1od

rhattisgarh State Pow

cpoct  Diciit

select a gift card

ennnAaNX L]
& Rewards
$10 Gift Card
©)Payless < i
Jomba Jutea
$25 Gift Card i

Rub;

FomeGoods

CAPITAL

Points Earned 250
e} o

tu on the option
ennnOnnnls

B setalarm

ALARM CLOCK SETTINGS

Wake-up hour

VOICE RECOGNITION SETTINGS
ivate voice recoa
TEXTTOSPEEC

SETTINGS

Activate speech synthesis

Revert

o}

Delete

click on the games

UEFA EURO 2016

International Friendlies

FIFA Women's World Cup.

Copa América

Aftica Cup.

Olympic Games

Blimpic Games Women)

World Cup 2018 Qualifying - Europe

World Cup 2018 Qualifying - Oceania

not the text, click the icon on the

Chha
Dictiib

sgarh State Pc

cipoc tion Ccomoan

e NX ae
% Rewards
$10 Gift Card
OPayess| €
fbiee

HomeGoods.

CAPITAL

not the button, cick the text on the left of the screen.

ennnEnnnls

B setalarm
ALARM GLOGK SETTINGS

Wake-up hour
Repeat
Ringtone

Vibrate

VOICE RECOGNITION SETTING:

Activate speech synthesis

UEFA EURO 2016
International Friendlies

FIFA Womenis World Cup

Copa América

Africa Cup

Olympic Gar

Olympic Games (Women)

World Cup 2018 Qualifying - Europe

World Cup 2018 Qualifying - Oceania

g

Rub;
Tl}les)t’iqv @

Delete

Chhatti

cpoct [ .

cMNNSNXZ06®
& Rewards
$10 Gift Card
©)Payless S
Jamba Juica

h State Powe

R

cpoct  Diciibution ¢

cMNN3RZ0A®
& Rewards
$10 Gift Card
OPagess € o]
Jamba uica

tate Pc hattisgarh State Powe

not the icon, lick the text o the slight right and below of your choice. not the icon, click the text to the slight left and below of your choice. click the text o the slight left of your choice.

ot the icon, click the text to the slight right and above of your ¢

eMnnsmZoAe®
% Rewards
$10Gift Card
OPayess| € el
Jamba Juica

A, © 0 EEE Ak, © HEE

Rub;
Tu‘:es%.ay @ |

| gsocicadrzoy  Jll Seosicad.ons Ssociicac

FomeGoods

CAPITAL

Points Earned 250

annnnAnnl s

B setalarm

ALARM CLOCK SETTINGS

Wake-up hour

Repeat
Ringtone

Vibrate

VOICE RECOGNITION SETTING:

TEXTTOSPEECH SETTINGS

Activate speech synthesis

UEFA EURO 2016
International Friendlies

FIFA Womenis World Cup

Copa América

Africa Cup

Olympic Gar

Olympic Games (Women)

World Cup 2018 Qualifying - Europe

World Cup 2018 Qualifying - Oceania

click the text to the slight right and above of your choice.

Delete

not the button, click the text on the left of the screen.

FomeGoods

Points Earned 250

d

eannnnnnnl s

B setalarm
ALARM GLOCK SETTINGS

Wake-up hour

Vibrate

VOICE RECOGNITION SETTINGS
[Activate voice recognitic
TEXTTOSPEECH SETTING:

Activate speech synthesis

Delete

(m]

DONE

UEFA EURO 2016
International Friendlies

FIFA Women's World Cup

Copa América

Aftica Cup

Olympic Games

Olympic Games (Women)

World Cup 2018 Qualifying - Europe

World Cup 2018 Qualifying - Oceania

not the button, click the text on the left of the screen.

FomeGoods

CAPITAL

Points Earned 250

eannninnnts
B set alam

AUARM CLOCK SETTINGS

Wake-up hour

Repeat

Ringtone

Vibrate
VOICE RECOGNITION SETTINGS
[Activate voi

TEXTTOSPEECH SETTIN

Activate speech synthesis

CH

Revert Delete

Browse Competitions

UEFA EURO 2016™
International Friendlies

FIFA Women's World Cup

Copa América

Aftica Cup

Olympic Games

Olympic Games (Women)

World Cup 2018 Qualifying - Europe

World Cup 2018 Qualifying - Oceania

Figure 7: Failed examples by the Imitation agent following the instructions generated by the Heuristic user.
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select password
annn

HooOWoo W

ConnectBot

Nickname

Password:

Password:

select stations

QUOEAAOEAAOAER 90013

zZfuner

Log in

-

AHOXA®

Calculators

t M CALCULATORS

Al Caleulators
Clinical Calculators
Conversion Calculators
Dosage Calculators

IV Caleulators

bout Unbound Calculators

Buy for $39.99

ADA

Clear Width of Doorways.

0 248

Nic

below one
CEEEEEEECE RN

O

[ Confirm before use

0248

ConnectBot

kname

d key on start

not the text

QUEAAOEAANOAENR 90013

zZTuner

Log in

-

9 tasks for equalizer

N Home

click on the icon
non

%6 e
Calculators
ZJ

Al Calculators

Ciinical Calculators

Conversion Calculators

Dosage Calculators

WV Caleulators

About Unbound Calculators

& buyfor $39.99

below one
CEEEEEEECE RN

ConnectBot
Nickname:

Type

O

0] Confirm before use

below one

) Design Dimen

ADA

Clear Width of Doorways

nxoae
# Design Dimensions

ADA

" clear Width of Doorways

0248

select text below that

nx

e

7/ Design Dimensions

ADA

Clear Width of Doorways

Grab Bars at Water Closet

Grab Bars at Water Closet

o Grab Bars at Water Closet

Grab Bars at Water Closet

Handrail Clearance

Handrail Clearance

Handrai Clearance

Handrall Clearance

Handrail Cross Section (Circular)

Handral Cross Section (Circular)

Handrail Cross Section (Circular)

Handrall Cross Section (Circular)

Handrail Height

Handral Height

Handrall Height

Handrall Height

Maneuvering Clearances at Door (Front Approach, Pull
Side)

Maneuvering Clearances at Door (Front Approach, Pull
Side)

Door (Front h, Pull

J side)

at Door (Front h, Pull

Side)

Maneuvering Clearances at Door (Front Approach, Push
Side)

Maneuvering Clearances at Door (Front Approach, Push
Side)

Maneuvering Clearances at Door (Front Approach, Push
Side)

Maneuvering Clearances at Door (Front Approach, Push
Side)

Maneuvering Clearances at Door (Front Approach, Push
Side, Door with closer and latch)

Maneuvering Clearances at Door (Front Approach, Push
Side, Door with closer and latch)

Maneuvering Clearances at Door (Front Approach, Push
Side, Door with closer and latch)

Maneuvering Clearances at Door (Front Approach, Push
Side, Door with closer and latch)

o Pl m T Door h, Pl Door (H hPul - ot Door (Hi n, Pull
Side2) Side 2) Side 2) Side 2)

| ‘Door (H npal | = | Door (Hinge Approach, Pull | == [ at Door (Hinge Approach, Pull | = |Maneuvering Clearances at Door (Hinge Approach, Pull
|sice) |sice) |sice) Side)

Maneuvering Clearances at Door (Hinge Approach, Push Maneuvering Cl ‘oo (H h, Push Door (H h,Push at Door (i h, Push
Side) Side) Side) Side)

Maneuvering Clearances at Door (Hinge Approach, Push ‘Maneuvering Clearances at Door (H . Push " . Push " o Push

ide, Door With Closer and Latch)

Side, Door With Closer and Latch)

9 at Door
Side, Door With Closer and Latch)

at Door
Side, Door With Closer and Latch)

Figure 8: Completed examples by the Imitation agent following the instructions generated by the Neural user.
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show me the id number select the icon beside it select the icon beside it

select the icon beside it select the icon beside it
AROAONEN@O0X30® 085|@ROANONEHO0 X309 0856 |@HOANONEN O O X 3¢ g 6 N YT TE AT

MCDELIVERY n MCDELIVERY “ MCDELIVERY

MC Y 24/7 ELIVERY

s BROWSEMENU a8 BROWSEMENU 8 BROWSEMENU 8 BROWSEMENU 8 BROWSEMENU

Y PLACEORDER ¥ PLACEORDER  PLACEORDER  PLACEORDER Y PLACEORDER

@ ORDERHISTORY @ ORDERHISTORY @ ORDERHISTORY @ ORDERHISTORY @ ORDERHISTORY

9 TRACK ORDERS @ TRACK ORDERS @ TRACKORDERS % TRACKORDERS % TRACKORDERS
UNT SETTINGS COUNT S s ACCOUNT SETTING: ACCOUNT SETTINGS ACCOUNT SETTINGS

& MYACCOUNT o MYACCOUNT o MYACCOUNT & MYACCOUNT o MYACCOUNT

B MYADDRESSES @ MYADDRESSES @ MYADDRESSES @ MYADDRESSES B MYADDRESSES

ABOUT ABOUT B ouT ABOUT

© ABOUTMCDONALD'S ] ABOUTMCDONALD'S © ABOUTMCOONALD'S © ABOUTMCOONALD'S © ABOUTMCDONALD'S
N o

select the icon followed by blustooth select the icon beside that select the icon beside that select the icon beside that select the icon beside that

QOO PEROPOOLE @ 3 @ Qo 3 QHANY®P@R©O0E 0 = ® B » 8 GRAAY®PEQ®E0E

Facebook Messages  MyCookBook  Grouple Facebook Messages  MyCookBook  GroupMe Facebook Messages  MyCookBook  Grouphe Facebook Messages  MyCooklook  Grouphe Facebook Messager  MyCokfosk  Grouphe
Gmai Unkecin Buetooth  AndrodBeam mi Unkecin Buetooth  AndrodBeam Gmai Unkecin Bueooth  Andod Beam Gl Unkecin Bueooth  Andod Beam Gmal Unkecin Bueooth  AndrodBeam

A&l 2 A&l

select a colour select the last one select the last one select the last one select the last one

dawmn¥mow anpie¥pn¥dow da¥mn¥Eow BEET-EE1-EX ]
Font & Color € Font & Color € Font & Color € Font & Color € Font & Color

Transparency sparency @ ency Transparency

checkout the categories select the text below that select below text select below one select below one

Filter By Filter By Filter By Filter By Filter By

¥ Clothes & Shoes ¥/ Clothes & Shoes ¥ Clothes & Shoes ¥ Clothes & Shoes

‘Shop For " Shop For @ Footwear Shop For ™ Footwear @ Footwear Shop For @ Footwear
ron Bath Aol Bath Time Bath i . Bath Time Fen Bath Time
. Soves & Miten i Caps, Gloves & Mite 205, loves & Mitens Caps, Gloves & Mite T Gloves & Mitten
Outer Material A - Ethalc W e thelc Weer (16 Outer Material Ethnic Outer Material RS
e Frock - Frock e
Discount Discount Discount
Price Price Price (7]
» Nightwear Nt Nightwear 1379 ighiwear
colors Colors colrs color colrs
Premium Premium Premium Premium Premium
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Party Wear Party Wear 2 Party Wear Party Wear (26 ty Wear
s ; shits 1 s
o [m}

Figure 9: Failed examples by the Imitation agent following the instructions generated by the Neural user.
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